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Adversarial training and dilated convolutions for brain MRI segmentation
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Fully convolutional network

Kernel size | Dilation | Kernels | Layers
3x3 1 32 15
1x1 1 256 1
1x1 1 (& 1

Dilated network

Kernel size ‘ Dilation ‘ Kernels ‘ Layers

dx3 1 32 2
3x3 2 32 1
3Ix3 4 32 1
3Ix3 8 32 1
dx3 16 32 1
3x3 1 32 1
1x1 1 (& 1

(a) Segmentation networks
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(b) Adversarial training
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Adult subject (DN)

Elderly subject (DN)

(a) Reference (b) Without adversarial (c) With adversarial
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Medical Image Synthesis with Context-Aware Generative Adversarial Networks
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Fig. 2. Architecture used in the Generative Adwversarial setting for estimation of
gynthetic COT image.
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Table 1. Performances on the brain Table 2. Performances on the
dataset. pelvic dataset.
Mathod |MAE PENR Mothod |MAE PSNR
Mean(std.) | Med. | Mean(std.) | Med. Mean(std.) | Med. T Mean(std.) | Med.
Atlas 1T1.6(35.7) | 170.2 | 20.8{1.6) [20.6 Atlas G6.1(6.9) 66T |2o.0i21) | 206
ER 159.8(37.4) | 161.1 121.%(1.7) |21.2 2R 52.1(%9.8) (223 IZ!LI.Z!I!.l!iI 1.1
EHF "_l'_l.!?[ 14.2}) r'_lT.I'.i ‘!l!i.:![ 1.4} 6.3 SRF4 A5 1{4.6) 483 |32 1{i.9) a8
Froposed | #3.6(13.8) #2.1 27.6{1.3) |a7.6 Proposed |38.0{4.6) |38.1 | 34.1{1.0) |34.1
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